Abstract: An expert system using fuzzy set theory is presented for short-term load forecasting. Since most statistical methods for short-term load forecasting rely heavily on weather variables and statistical models, errors may appear in the forecasted hourly loads due to uncertainties in weather variables and statistical models. Thus, to have better accuracy, the operators in many utilities try to update the forecasted loads in real time using the records of the past few hours and their heuristic rules. In the paper, an expert system to perform this updating function is developed. Experienced operators' heuristic rules are imbedded in the knowledge base. The uncertainties in weather variables and statistical models are dealt with using the fuzzy-set theory. To demonstrate the effectiveness of the proposed fuzzy expert system, short-term load forecasting is performed on the Taiwan power system. Test results indicate that the fuzzy expert system is very effective in improving the accuracy of the forecast hourly loads. In a recent book [lo], an expert system was designed by the authors for load forecasting at the Taiwan Power Company (TPC). In the development of that expert system, it was observed that the most important factors that affect load-forecast accuracy are daily load patterns and daily load peaks and troughs. To have precise load patterns, as many as ten different day types have been identified from operators' experience and the load data in the database of TPC. Weather-sensitive models have been used for peak-load and trough-load forecasting. Application of the expert system to load forecasting of TPC gives a yearly mean absolute error (MAE) of 2.38%. This is a rather promising result.
, and Kalman filter [7] have been proposed for short-term load forecasting. To take the operators' experience and heuristic rules into account, applications of expert systems have also been reported [8,9l. In a recent book [lo], an expert system was designed by the authors for load forecasting at the Taiwan Power Company (TPC). In the development of that expert system, it was observed that the most important factors that affect load-forecast accuracy are daily load patterns and daily load peaks and troughs. To have precise load patterns, as many as ten different day types have been identified from operators' experience and the load data in the database of TPC. Weather-sensitive models have been used for peak-load and trough-load forecasting. Application of the expert system to load forecasting of TPC gives a yearly mean absolute error (MAE) of 2.38%. This is a rather promising result.
After the success in the first phase of the work, the operators in TPC suggest that the accuracy of the forecast hourly loads can be further improved if the loads are updated every one hour or few hours. The main reason for the operators to carry out the updating is that the forecast hourly loads depend on forecast peak and trough loads which, in turn, rely heavily on weather variables (temperature, humidity etc.) and there always exist a certain amount of errors in the forecasted weather variables. Thus, the uncertainties in the weather variables will result in errors in the peak and trough loads and the final hourly loads. To see how the peak and trough loads affect the load forecast results, Table 1 compares the forecast errors [MAE and root-mean-square error (RMSE)] by using the actual peak and trough loads and by using the forecast peak and trough loads. It is observed that the yearly MAE can be reduced from 2.38% to 1.20% if the actual peak and trough loads are employed for load forecasting. In practice, it is impossible for the operators to have the actual peak and trough loads in real-time applications. However, the operators can compare the actual weather variables with the forecast weather variables for the past few hours and use their experience to update the forecast peak load and trough load to make them close to actual values. Then the accuracy of the forecast hourly loads can be improved.
In view of the need to update peak and trough loads using uncertain weather variables, it is desirable to design an expert system which is capable of dealing with uncertain informations and heuristic rules. In the literature, certainty factors [ 113, Dempster-Shafer theory of evidence [12] and fuzzy-set theory [13-141 have been proposed to manage uncertainty in expert systems. In this paper, fuzzy set approach has been adopted for expertsystem design. To put together separate fuzzy information to reach the desired change in peak load and trough load, a minimum-maximum algorithm and an equal-area algorithm are presented. To demonstrate the effectiveness of the proposed fuzzy expert system, load forecasting has been performed on Taiwan power system. It is found that the MAE can be significantly reduced by the fuzzy expert system.
In Section 2, fuzzy set theory is briefly described. This is followed by the design of a fuzzy expert system for load forecasting. An example is then given to demonstrate the effectiveness of the expert system.
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Fuzzy set theory
In the past two decades, several interesting applications of the fuzzy set theory have been reported in the areas of expert systems, operational research, control engineering and others. Before going into the details of fuzzy-expertsystem design, some basic definitions and mathematical operations of fuzzy sets are described as follows [13] .
2.1
Dejinition I: Fuzzy set: Let X be a collection of (X is the universal set); then a fuzzy set A in X is to be a set of ordered pairs:
Definition of a fuzzy set objects defined where pA(x) is called the membership function of x in A.
Note that the membership function pA(x) denotes the degree that x belongs to A and is normally limited to values between 0 and 1. A high value of pA(x) implies that it is very likely for x to be in A . Elements with a zero degree of membership are normally not listed. If we limit the values of the membership function to be either 0 or 1, then A becomes a crisp (nonfuzzy) set.
Fuzzy set operations
Some important operations with fuzzy sets which will be used later are defined via their membership functions. 
Crisp expert system
Before the details of fuzzy-expert-system design are presented, the procedures for load forecasting in the crisp expert system [lo] are summarised.
Step I : Read in the day to be forecast and the forecast weather variables.
Step 2 : Identify day type and get the 24 normalised hourly loads L,,(i), i = 1, 2, . . . , 24, for that particular day type. These normalised hourly loads have been stored in the database of the expert system to represent the load pattern of each day type.
Step 3: Compute the forecast daily peak load and trough load using the equations Design of t h e fuzzy expert system
where L, = peak load of the day, L, = trough load of the day, Tp = equivalent forecast high temperature of the system on the day, 7; = equivalent forecast low temperature of the system on the day, g,, h,, g, and h, are coefficients determined by least-square-error technique using the load and weather data in the database of TPC.
Step 4 : Compute the forecast hourly loads L(i) as
follows :
Details of these procedures are given in Reference 10.
Fuzzy expert system
It is observed from eqn. 7 that the forecast hourly loads depend on both the load pattern L,,(i) and the forecast peak load L, and trough load L , . It has been mentioned that our main purpose is to update the peak and trough loads in order to achieve better results.
From eqns. 5 and 6, it is obvious that the peak load and trough load are expressed as linear functions of the forecast high temperatures and low temperatures, respectively. Two kinds of uncertainties arise from this peakload-and trough-load forecasting process, i.e. the uncertainty in the statistical model and the uncertainty in forecast temperatures. The reason for the uncertainties and the proposed methods to deal with the uncertainties are described as follows. In view of the error in the statistical model, it is desirable to add an error term to the equations for peak-load and trough-load forecasting. Thus, eqn. 5 and eqn. 6 become
L, = g, * 7; + h, + E, (9) where the uncertain-error terms ep and E, are treated as fuzzy numbers. Fig. 2 depicts the membership function of c p for a certain day type. It is observed that the value of the membership function is 1 for = 0 and decreases to AL,.MW
Fig. 2 statistical-model uncertainty
Membership function for the change in peak load due to 0 at cp = 20, where 0 is root-mean-square error between the sample points and the linear-regression curve and is computed from the historical data as follows:
where n is the number of sample points in the database for that particular day type and LPi and Tpi are the peak load and high temperature for the ith sample points, respectively. The membership function of E, can be derived in the same way using the historical data of trough loads and low temperatures.
Thus, the membership function for the change in peak (trough) load due to statisical-model uncertainty can be written as
Note that ALl in eqn. 11 could be either or E , , depending on whether peak load or trough load is to be updated.
Uncertainty in forecast temperatures
Since there always exist errors in the forecast temperatures, the operators must trace temperature readings either from the Central Weather Bureau or from the utility-substation meters to see if the actual temperatures deviate too much from the forecast values. If so, certain action must be taken to update the forecast temperatures and hence the forecast peak and trough loads. It is the experience of TPC operators that the temperature error is less than 4°C in most cases. Therefore, in the proposed fuzzy expert system, the users are asked to select one among the following options : (i) The temperature is much lower (ML) than the forecast value.
(ii) The temperature is lower (L) than the forecast value.
(iii) The temperature is close (C) to the forecast value.
(iv) The temperature is higher (H) than the forecast value.
(v) The temperature is much higher (MH) than the forecast value.
The membership functions for these options can be expressed as
where z = error in the forecast (high or low) temperature, F2(z) = the membership function for a temperature error
F2(4{
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It is observed from eqns. 8 and 9 that an error in temperature will result in a proportional error in peak (or trough) load. The membership function for the change in peak (trough) load due to the error in forecast temperatures can therefore be described by
for abs (AL, -gd) < 29 i = 0 elsewhere (13)
FZ(AL2)
where AL2 = change in peak (trough) load, and g = g p for peak-load forecasting and gr for trough-load forecasting.
These membership functions are depicted in Fig. 3 . 
Combination of statistical-model uncertainty and forecast -temperature uncertainty
Taking both the uncertainty in the statistical model and that in forecasted temperatures into account, the peak (trough) load should be updated by an amount
The membership function for AL3 can be found by using eqns. 4, 11, and 13. 
Operators' heuristic rules
In addition to the two fuzzy models described so far, a third model based on operators' experience will be derived for peak-(trough-) load updating. Since the operators can use their experience to update the forecast loads in real-time applications, it is crucial for the expert system to use experienced operators' heuristic rules to modify the peak (trough) load. Our approach begins with asking the operator how much he would like to modify the peak (trough) load and his degree of confidence in the suggested load change. Previous operating experience suggested that the amount of load change should be within the range from 1500 MW. It was also recommended that three confidence levels be used for load updating. The operators can be quite confident, confident, or not confident with the suggested amount of load change. Thus the membership function for the operators' suggested load change can be written as (19) It is obvious from Fig. 4 that the more confident is the operator with his recommendation, the steeper will be the line segments of the membership function. In other words, all possible values of load change will be very close to the value suggested by the operator if he is 'quite confident' with the answer.
Update the peak (trough) load
We now have two separate pieces of information on the amount that the peak (trough) load should be changed: the load change AL3 derived from statistical model and the load change AL4 recommended by the operators. Our purpose is to determine the most desirable load change Among the various approaches for determining the desired change in peak (trough) load, the minimummaximum algorithm and the equal-area algorithm are most commonly used and will be briefly described as follows.
Minimum-maximum algorithm:
In the minimummaximum approach, the desirable load change in peak (trough) load is given by ALdesired = the value of AL which gives maximum value of F ( A L )
where ALdesired and AL can be either peak-load change or trough-load change and F ( A L ) is expressed as Step 1: Ask the operator about the weighting factors he would place on AL4 (operator's recommendation) and on AL, (statistical model). Let the ratio of the two weighting factors be W .
F ( A L ) = min { F 3 ( A L ) , F 4 ( A L ) } (23)
Step 2: As shown in Fig. 6 , the maximum value of 
Results
To demonstrate the effectiveness of the proposed system, load forecasting is performed on Taiwan expert vower --system using both the crisp expert system and the-fuzzy expert system. Table 2 gives the forecast results for a typical day (13 August, 1987) using the crisp expert system proposed in Reference 10. It is observed that the MAE is 1.89% and the errors in peak load and trough load are 265.87 MW (2.45%) and 97.99 MW (0.90%), respectively.
IEE PROCEEDINGS-C, Vol. 139, NO. 6, NOVEMBER 1992 To reduce the error in peak-load forecasting and improve the accuracy in forecast hourly loads, the proposed fuzzy expert system is also tested. As shown in Fig.  8 , the expert system begins with asking the user how much he wants to change the peak load and how much he thinks the actual high temperature is away from the forecast value. Choose: 3 (C) The actual high temperature will be 1. Much lower that the forecast value 2. Lower than the forecast value 3. Close to the forecast value 4. Higher than the forecast value 5. Much higher than the forecast value Choose: 2 The suggested peak load is: 10 81 3.87 MW
Fig. 8 Query from the fuzzy expert system
After the user responds to the questions, the expert system calculates the membership functions F,(AL), F,(AL) and F,(AL) for peak-load updating using eqns. 11, 13 and 15. The results are depicted in Fig. 9 . The membership function F,(AL) has been given in Fig. 4 . For convenience, these four membership functions are also tabulated in Table 3 using an increment of 50 MW. Since the membership functions F,(AL,) and F,(AL,) in Fig. 5 are indeed the functions for the present case, it can be observed from Fig. 5 that the desired change in peak load ALpdesired is -296 MW if the maximum-maximum algorithm is employed. On the other hand, as evidenced by Fig. 6 and Fig. 7 , a value of -298 MW will be reached for ALpdesired if the equal-area algorithm is used. Note that both approaches will yield the same value of ALP desired ( -300 MW) if a discrete-fuzzy-set representation with an increment of 50 MW as shown in Table 3 is employed. But this is a pure coincidence. In general, the t 1 -1500 -1000 -500 0 500
load to be added, MW two approaches will yield different values of ALP desired. In this paper, the equal-area algorithm is adopted since different weighting factors W can be put on the operator's recommendation, making the method more flexible than the minimum-maximum method.
Using the updated peak load (-300 MW + 11 113.87 MW = 10813.87 MW), the forecast hourly loads as shown in Table 4 can be reached. By comparing 416 the results in Table 2 and Table 4 , it can be seen that the error in peak load has been reduced from 2.45% to 0.32%. In addition the MAE is reduced from 1.89% to 0.63% by using the fuzzy expert system for peak-load updating. To improve the accuracy of the forecast hourly loads further, the trough load can also be updated by using the fuzzy expert system in exactly the same way as that for peak-load updating except that low temperature 7; should be used instead of high temperature T,. The detailed procedures and membership functions for trough-load update are not presented owing to limits on space. The final forecast loads are listed in Table 5 . By comparing the results in Table 4 and Table 5 , it is found that the error in trough load has been reduced from 0.9% to 0.01 % while the MAE is reduced from 0.63% to 0.5%.
It is concluded that through the updating of peak load and trough load, the accuracy of the forecast hourly loads can be significantly improved by the proposed fuzzy expert system.
Conclusions
A fuzzy expert system has been designed for short-term load forecasting. The uncertainties in weather variables and statistical model are taken into account by using the fuzzy set theory. The operator's heuristic rules are also incorporated into the system. Two approaches based on the minimum-maximum algorithm and the equal-area algorithm are proposed to determine the most desirable change in peak (trough) load from separate sources of fuzzy information. The accuracy of the forecast hourly loads can be significantly improved after the peak load and trough load are updated by the fuzzy expert system. The designed fuzzy expert system has been successfully applied to forecast the hourly loads of the Taiwan Power Company. 
